Vulcanization is an important process to manufacture water-lubricated metal rubber bearing. 
Introduction
For a multiple input multiple output vulcanization process system, realizing optimization of the system is difficult, and even obtain the optimization results by some method, it has also certain uncertainty that the optimization results can be smoothly implemented [1] . The reason lies in execution of the curing temperature, curing pressure and other parameters which are all through certain control system and device, there would be a deviation between the practical implementation and the ideal situation. If the performance indicators of the product are sensitive to these deviations, then the products performance will decline, and even lead to adverse consequences. Therefore, these uncertainties must be as a key factor to consider in the process of optimal design [2] . The solution to the problem is of robust optimization design.
Robust optimization design thought and the method appeared most early in the last century 70's, it was proposed by Taguchi who is a famous Japanese quality engineering [3] . Taguchi's basic thought is that be not eliminate and reduce the uncertainty of the premise, but the design makes the uncertainty factors effect on the quality as small as possible. Considering the uncertainty, the robust optimization design method exist some important differences with the traditional deterministic optimization method, for example, in definition of the optimization problem, the robust optimization problem representations reflect the target values robustness and constraints robustness, the robust optimization goal should not only make the target be optimal, but also make target value be good robustness [4] .
According to principle, the robust optimization design can be divided into two categories: one category is based on the experimental design of robust optimal design, namely the traditional robust design optimization, such as the main S / N ratio [5] , response surface method [6] and, method of loss function [7] , the other is modern robust optimal design which is based on the mathematical model of robust optimal design, has mainly the weight method [8] , compatibility decision making problems [9] and physical programming [10] . The first class of method is very effective to the test design, but S / N ratio of in the actual engineering is not easy to obtain, and cannot establish a strict mathematical model for robust design; the second kind of method is based on the computer aided engineering (CAD)and nonlinear programming foundation, mathematical modeling is relatively easy, and the system can be reliability into robust design. Therefore, the second kinds of methods attracts more scholars. For example, O. Koksoy, et al. carried out fuzzy control based on robust optimization technology research.
The method using the BP neural network as the optimization objective to approximate fuzzy random function, and then combined the neural network with genetic algorithm to effectively solve the complicated optimization problems [11] . Po-Feng Tsai, et al. used the finite element method and neural network to build a reliability-based stress concentration model to resort robust design of mechanical components [12] . Kevin Alam, et al. applied neural network in establishing a dual-response surface models based on the mean and variance, and improved the solving efficiency [13, 14] . Combining the ANN with the GA to apply in complex process systems is currently popular method [15] [16] [17] [18] [19] . This paper will use the comprehensive scoring method to transform muti-objective optimization into a single objective optimization, the key performance index weighting factor were obtained by compromise programming based on expert fuzzy eclectic preferences, then builded product quality sensitivity function as the fitness function of the improved genetic algorithm; and applied the improved genetic algorithm to be global optimization; final implemented robust optimization of vulcanization process parameters.
Optimization objective function and method

Radial basis function neural network
ANN is widely accepted as a technology offering an alternative way to simulate and ill-defined problems. Radial basis function(RBF) neural network is a local approximation network, with a good local approximation capability, it has two network layer: hidden is a radial basis layer, output is a linear layer. the output of RBF neural network is calculated according to
Where X is the input vector, (.) 
Where parameter  controls the "width" of the radial function and, is commonly referred to as the "spread" parameter.
Improved genetic algorithm
Coding design
Because the adjacent integer binary coding may have a larger Hamming range, such as 31and 32 binary are respectively expressed as 011111and 1000000, the algorithm must change all bits from 31 to32. This defect reduces the search efficiency of the genetic algorithm that is "Hamming cliff". While the 31and 32 of the Gray coding can be respectively expressed as 010000 and 110000, only one number is different between any two adjacent integer, so the Gray coding can effectively overcome the "Hamming cliff" .
The fitness function
In order to avoid too large number of individuals, and sometimes the fitness proportional method based on random numbers to select the individual does not accurately reflect the individual's fitness value, expected value method was been instead of using fitness proportional method. The expected value was designed for the fitness function
.We define sensitive function of product performance on the decision variables act as objective function of the model, as follows:
The sensitivity of the optimal decision variables was 81.83 according to Eq.(3), for robustness of observation, the result is very bad. Therefore, as a result of the production process and the control precision of uncertainty, in which the decision variables set production technology guidance, the quality of their products will be unstable, the optimal normalization performance was 0.962, and for the object function hypersurface global peak, the value of solution is only one. In order to achieve steady production process parameters, we will have to reasonably sacrifice some comprehensive performance. To this end, we have integrated performance option for 0.9500 as an additional constraint condition, then the robust optimization mathematical model will become: , the decision variables will become a hypersurface which is a super plane after cutting a ring contour. There is a equality constraints in the Eq.(4), it is not conducive to search optimal robust decision variable by the genetic algorithm. For this, we further introduce a penalty function, handle Eq.(4) the optimization problem into the following form:  ub
Adaptive crossover and mutation strategy
Crossover operator and mutation operator can maintain population diversity. In the standard GA, crossover probability values are usually larger, mutation probability value is smaller, and the entire search process remains the same. In fact, with iteration increasing group of individual differences will be gradually reduced, then the actual operation is repeated cross-breeding and cross close relatives, and the smaller the mutation rate cannot effectively get rid of the groups hyperplane, would not achieve the purpose of maintaining diversity of the sample space. In this paper, an adaptive strategy based on the temperature was used to crossover and mutation operators [7] .
where f , max f respectively, for a generation, denote the average and the best individual fitness value.
As the iteration progresses, the "temperature T "is gradually declining. Then based on T the design of genetic operators is:
where c P , m P respectively, the crossover probability and the mutation probability values with the evolution of populations to adapt to changes in the corresponding adjustment, the large variation strategy is used to select the coefficients a , b , c and d .
Data pre-processing
Vulcanizing process parameter
The overall performance of the bearing is influenced by many process parameters variables,, and those variables are selected by the Taguchi DOE technique and experience. The selected variables are as follows: 160ºC≤vulcanization temperature≤180ºC, 1.4MPa≤vulcanization pressure≤1.6Mpa, 20min≤vulcanization time≤30min. In addition, the input vector value will be in the range of [0, 1] by normalized. In the MATLAB programming platform, the function "premnmx" can perform this test.
Overall performance index
Overall performance of the water-lubricated metal rubber bearing involves multiple performance indexes. In this study, the selected object is BTD-03-17-type bearings, this type of bearing mainly work in high pressure and heavy load environment, so its tensile strength, tear strength and Shore hardness were chosen as main performance indexes. To combine multiple performance indexes into a single overall performance index, a comprehensive evaluation method was adopted by this paper.
Determining the relation
The relation of two arbitrary performance indexes can be simplified into 6 kinds of rules, can be seen from table1:① 1 f and 2 f equally important, ② 1 f less important than 2 f , ③ 1 f far less important than 2 f ,④ 1 f better importance than 2 f , ⑤ 1 f the far more important than 2 f , and⑥ 1 f has nothing to do with 2 f .
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Table1. The preferences and their meanings[20]
Relation Meaning     ! equally important less important far less important not important important
Calculating the preference matrix R
(1)Using the "  " and "!" can divide the relationship of the arbitrary performance indexes into two groups: important and unimportant. For less important can be neglected in the model ( or its weight to a minimum value ), an important performance indexes is credited as:
Use relationship"  " to structure m equivalence classes, which
,and
Then choose an element i c from each equivalence class i C to constitute a set:
(2)Defining the relationship by using the evaluation function v , 
is 0, it indicates that there is no connection between i and k ,or the j and k , then the ) , ( j i R a remains unchanged, otherwise the transmission properties should corresponding change of the "  "and "  ". The
R according to the following formula, 
According to expert fuzzy preference, using the method described above to determine the performance index of sulfide expert weight ,seen as table 2. On the basis of the product quality differences between the various performance indexes, these indexes were divided into multiple levels and, corresponding quantitative score. This quantitative criterion were seen as the following Table 3 . Thus the comprehensive score G of the overall performance index can be expressed as fellow:
Where i g is scoring value of each performance index.
Optimization results and experimental verification 4.1. Neural network training
Among the 50 samples obtained from the vulcanizing process experiment, 41 samples were used to training the RBF network, as shown in Fig.1 . RBF neural network predicted values generally consistent with the calculated values, and model training error was in an acceptable range. The remaining 9 samples were then used to test the performance of the ANN, as shown in Fig.2 . The result indicates that the ANN has a good performance, and it can accurately map the relationship between the overall performance and process parameters, so it can be used as sources of knowledge function of the improved GA. 
GA optimization
Application of the MATLAB genetic algorithm toolbox to global random search for the Eq (6), the initial population was 20, the chromosome length was 20. In the beginning of optimization, the coefficients a , b , c and d of the Eq (8) , their values are separately 0.6, 0.2, 0.2 and 0.19. Afterwards the values with the evolution of populations adapt to changes in the corresponding adjustment. Its 40 th generation of the population distribution is shown in Fig.3 . It can be seen from the Fig. 4 that the initial population fitness distribution shows a strong and random dispersion, and individual average value is low. As genetic iterative number increasing, groups of average fitness value is greatly improved, and distribution state is also gradually stabilized. Using the optimization objective Eq. (3) and robust optimization objective Eq.(5) to search for the optimum decision variable, it were joined by 1% of the amount of deviation, arranged in the same 8 combinations, substitution Eq.(5) , product quality stability were observed in Fig. 4 and Fig.5 . It is not difficult to find its comprehensive performance fluctuation range is very small with low sensitivity to product . 
Experimental verification
Optimization validation test was executed on the full-featured digital vulcanizing machine, which is developed by Chongqing University State Key Laboratory of Mechanical Transmission,Table4 shows the validation test results under the optimal conditions, validation test results are between the optimal value and the Taguchi DOE. Comparing with Taguchi DOE, the overall score of the validation test increases by 16.5%, the sensitivity was reduced to 30.6%, only the sacrifice 1.62% of the comprehensive performance compared with optimal value.
Conclusion
To determine optimal process parameter setting which has influences on productivity, quality, and costs of product is an important work for producers. A RBF neural network model of the process was developed to predict overall performance of the water-lubricated metal rubber bearing. Meantime, an improved GA was also proposed to determine which process parameters values would result in the desired overall performance. This paper used a comprehensive scoring method to transform mutiobjective optimization into a single objective optimization, the key performance index weighting factor were obtained by compromise programming based on expert fuzzy eclectic preferences, then builded product quality sensitivity function as the fitness function of the improved genetic algorithm.The robust optimal results have been verified by the process experiments on the newly developed vulcanizing machine. According to the results obtained from the experiments, the final robust optimal goal were gained via the proposed approach definitely produces better robust performance of the bearing than other approaches. Therefore, the proposed method in this study is feasible and effective for process parameters optimization, and it can assist the manufacturing industry in achieving competitive advantages on quality and costs.
